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Abstract 1 
Communities in fragmented landscapes are often assumed to be structured by species extinction 2 
due to habitat loss, which has led to extensive use of the species-area relationship (SAR) in 3 
fragmentation studies. However, the use of the SAR presupposes that habitat loss leads species to 4 
extinction but does not allow for extinction to be offset by colonization of disturbed-habitat 5 
specialists. Moreover, the use of SAR assumes that species richness is a good proxy of community 6 
changes in fragmented landscapes. Here, we assessed how communities dwelling in fragmented 7 
landscapes are influenced by habitat loss at multiple scales, then we estimated the ability of 8 
models ruled by SAR and by species turnover in successfully predicting changes in community 9 
composition, and asked whether species richness is indeed an informative community metric. To 10 
address these issues, we used a dataset consisting of 140 bird species sampled in 65 patches, from 11 
six landscapes with different proportions of forest cover in the Atlantic Forest of Brazil. We 12 
compared empirical patterns against simulations of over 8 million communities structured by 13 
different magnitudes of the power-law SAR and with species-specific rules to assign species to 14 
sites. Empirical results showed that whilst bird community composition was strongly influenced 15 
by habitat loss at the patch and landscape scale, species richness remained largely unaffected. 16 
Modeling results revealed that the compositional changes observed in the Atlantic Forest bird 17 
metacommunity were only matched by models with either unrealistic magnitudes of the SAR or by 18 
models ruled by species turnover, akin to what would be observed along natural gradients. We 19 
show that in the presence of such compositional turnover, species richness is poorly correlated 20 
with species extinction, and z-values of the SAR strongly underestimate the effects of habitat loss. 21 
We suggest that the observed compositional changes are driven by each species reaching their 22 
individual extinction thresholds: either a threshold of forest cover for species that disappear with 23 
habitat loss, or of matrix cover for species that benefit from habitat loss. 24 
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INTRODUCTION 4 
Evidence suggests that we are currently observing a sixth mass extinction in great part due to 5 
habitat loss (Millennium Ecosystem Assessment 2005, Barnosky et al. 2011). Communities found 6 
in fragmented landscapes are therefore, to a large extent, structured by such species extinction. In 7 
this context, the species-area relationship (SAR) has taken a central part in the analysis and 8 
prediction of community responses to habitat loss (Rosenzweig 1999, He & Hubbell 2011). 9 
However, the use of this approach assumes that species richness is an appropriate metric to 10 
measure community changes and that communities only lose species with reductions in area 11 
(MacArthur & Wilson 1967), disregarding the fact that habitat loss may also promote the 12 
colonization of species (Suarez et al. 1998). In this paper we show that ignoring these assumptions 13 
can bring dramatic consequences to the detection and interpretation of the effects of habitat loss. 14 
Several biomes, such as the Mediterranean and temperate forests, have had more than half 15 
of their extent converted to anthropogenic use (Millennium Ecosystem Assessment 2005). To 16 
better manage communities dwelling in such degraded and fragmented landscapes, we have to 17 
understand (1) the rate at which species are lost and (2) which species are being lost. Communities 18 
are affected by changes in habitat area in various ways, and an extensive literature on the SAR has 19 
now shown that many factors can affect its intercept and z-value (Rosenzweig 1999, Drakare et al. 20 
2006, Banks-Leite et al. 2012). One particularly relevant factor is that the number of species 21 
present at a given locality is determined by patterns of habitat cover at several spatial scales 22 
(Cushman & McGarigal 2004), and the amount of habitat surrounding remnants can influence the 23 
SAR measured at the patch scale (Andrén 1994). For instance, in the same way that species 24 
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richness in a region is constrained by the size of the biogeographic species pool (Hubbell 2001), 1 
forest fragments embedded in a highly forested landscape will contain more species than equally 2 
sized patches in a deforested landscape (Pardini et al. 2010), therefore affecting the intercept of the 3 
SAR. The magnitude of species responses to patch size, represented by the z-value of the SAR, 4 
can also vary with the amount of landscape cover through changes in colonization and emigration 5 
from larger patches in response to landscape connectivity (Andrén 1994, Pardini et al. 2010). 6 
While SAR analyses allow us to predict the number of species extinctions, they do not tell 7 
us which species are more likely to go extinct, nor how community composition is affected 8 
(Hubbell 2001). However, the absence of this information could obscure the underlying causes for 9 
an observed z-value. The theoretical bases underpinning the SAR assume that species extinction 10 
under habitat loss occurs in a random fashion in which all species have the same probability of 11 
being lost (MacArthur & Wilson 1967, Hubbell 2001). More recently, studies have shown that 12 
some species are more susceptible to local extinction than others, creating communities in 13 
disturbed areas that are a nested subset of their pristine counterparts (Feeley et al. 2007, Driscoll 14 
2008).  15 
Nonetheless, it has been increasingly reported that a number of species might also benefit 16 
from the loss of pristine habitats. These have been called “winners”, “edge species” or “matrix 17 
species”, and they are often found in areas of disturbed habitat, near habitat edges or in small 18 
patches (Laurance et al. 2006, Ewers et al. 2007, Banks-Leite et al. 2010, Fayle et al. 2010). These 19 
studies provide evidence that habitat loss can lead species to extinction yet concurrently provide 20 
conditions for some species to flourish. Although, it is still unknown which proportion of the 21 
community is benefited by habitat loss, this means that, if taken to the extreme, community 22 
composition can show a complete turnover from forest to matrix with no overall change in species 23 
richness. Thus, a low z-value of the SAR may be evidence of a weak impact of habitat loss on 24 
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species richness, but could easily mask a strong impact of habitat loss that has resulted in complete 1 
community turnover. Remarkably most studies still examine the effect of habitat loss on species 2 
richness, despite a growing consensus that this community metric is highly sensitive to the 3 
invasion of matrix species into natural habitats (Gotelli & Colwell 2001, Su et al. 2004). 4 
In this paper, we investigated how species richness and composition of communities 5 
dwelling in fragmented landscapes are influenced by habitat area at multiple spatial scales, and 6 
assessed the ability of models ruled by SAR or species turnover in predicting the structure of the 7 
bird community. Finally, we asked whether species richness is an appropriate community metric to 8 
detect the effects of habitat loss, and how the efficacy of this metric varies with strength of SAR or 9 
in the presence of species turnover. This question was addressed by assessing the correlation 10 
between species richness and species extinction, and the extent to which species richness 11 
underestimates species extinction. Results were obtained from joint use of an empirical and 12 
modeling approach. We used a dataset consisting of 140 bird species captured in 65 sites located 13 
in six 10,000 ha landscapes with different proportions of forest cover (varying from 10 to 90% of 14 
forest cover) in the Atlantic Forest, one of the most threatened biodiversity hotspots in the world. 15 
Then, we simulated communities to produce a quantitative basis directly comparable to results 16 
obtained from ordinations of bird community composition, and to better understand the limitations 17 
of the use of species richness and of the SAR, as well as assess in which situations these 18 
limitations are more likely to occur. Simulated communities were site by species matrices modeled 19 
using the power-law SAR (S = cAz) with varying magnitudes of species responses to area (z-20 
values), and various processes related to how species respond to area to allow for random or 21 
deterministic species losses, or turnover in species composition.  22 
 23 
METHODS 24 
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Empirical data 1 
Study sites: Field data were collected in the Atlantic Plateau of the State of São Paulo, Brazil 2 
(Appendix A: Fig. A1). Sampling was conducted in six 10,000-ha landscapes, three of which were 3 
fragmented but varied in the total amount of forest cover (11%, 31% and 49%, hereafter referred 4 
to as the 10, 30 and 50% FC landscapes) while the remaining three had near-continuous forest 5 
cover (> 90%) (Banks-Leite et al. 2011, Appendix A). A total of 12 sites were sampled in 6 
continuous forest (four sites in each control landscape) and 53 patches in the fragmented 7 
landscapes; 17 patches in the 10% FC and 30% FC landscapes, and 19 patches in the 50% FC 8 
landscape. Forest patches were selected to have the same range of patch size in each of the three 9 
fragmented landscapes. Thus in each landscape we had seven small patches ranging from 2 to 9 10 
ha, seven to eight medium-sized patches from 12 to 40 ha, and three or four large patches of 45 to 11 
150 ha (Appendix A).  12 
Bird sampling: The understory bird community was sampled using mist nets, and each site 13 
was surveyed for an average of 637 net-hours (SD = 77). Thus, between March 2001 and March 14 
2007, 140 species were captured from the 65 sites within the six landscapes (over 41,000 net-15 
hours) (Appendix A). We reduced the multidimensionality of the presence-absence matrix of sites 16 
by species (containing 0s and 1s) by first calculating the Sørensen dissimilarity index and then 17 
submitting this pairwise distance matrix to a Principal Coordinates Analysis (PCoA) (Legendre & 18 
Legendre 1998). Inspection of the data showed an uninformative second axis revealed by a 19 
distinctive horse-shoe effect, which suggests that the variation of community composition was 20 
mostly explained in the first PCoA axis (Legendre & Legendre 1998, Banks-Leite et al. 2011). 21 
Thus, in all further analyses we used just the first PCoA axis. 22 
Simulated data 23 
Creating communities: Each simulated community was a matrix of 65 sites by up to 140 species, 24 
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thereby matching the dimension of the empirical dataset. Matrix formulation was a two-step 1 
process in which we: (1) determined the number of species to be present in each site; and (2) 2 
determined the identity of the species present in each site.  3 
To calculate how many species would be assigned to each site, we reversed the power-law 4 
SAR equation (S = cAz) and worked backwards from the number of species known to occur in 5 
control sites to calculate how many species would be present in sites with smaller areas (A). The 6 
rarefied number of species per site in control areas was estimated to be 30.9 species (SD = 0.69); 7 
thus, in all simulated matrices we set all 12 control sites to have S = 31, which was therefore the 8 
highest number of species at any given site in the simulated matrices. The values of area (A) used 9 
in the SAR equation were the same values of patch size and proportion of forest cover observed in 10 
the studied landscapes in the Atlantic Forest. The values taken by z were predefined in each 11 
simulation (see Statistical Analyses) and the value of c was calculated at the start of each 12 
simulation, given known parameters S, A and z.  13 
Because the amount of landscape cover can affect the SAR at the landscape and patch 14 
scale, we used the SAR equation four times: first to calculate the number of species present in the 15 
fragmented landscapes (S10, S30 and S50), and then to calculate how many species would be found 16 
in patches of each landscape. Hence, to generate each site by species matrix we used a 17 
combination of four z-values (Landscape scale: zlandscape, Patch scale: z10, z30 and z50), which varied 18 
independently of each other. In short, our procedure was as follows: (1) knowing that sites in the 19 
90% FC landscape had 31 species in average, we used the SAR equation to estimate how many 20 
species would be present at the 10, 30 and 50 % FC landscapes, given a specified z.  Because 21 
species richness at each fragmented landscapes was calculated directly at the site scale, (2) in each 22 
landscape, we then set the maximum number of species present in the largest fragment as being 23 
equal to the estimate of S for that landscape, and once again worked backwards through the SAR 24 
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equation to estimate how many species would be found in smaller patches in the same landscape 1 
(see Appendix B for a numerical example). 2 
For each combination of z-values, we created three matrices that had the exact same 3 
number of species per site but varied in the identity of present species. The identity of species was 4 
determined by a species-specific probability of occurrence following three different modeling 5 
rules: a random (hereafter RAND) model, a Species Frequency Distribution model (hereafter SFD 6 
model) and a Species Specialization model (hereafter SPEC model). RAND communities 7 
represented a situation in which habitat loss causes random species loss. RAND was therefore the 8 
simplest of the three models, with all species assigned the same probability of being sampled from 9 
the species pool at each site; thus, the RAND model was a neutral model. SFD communities 10 
represented the situation where deforested landscapes and small patches contain a nested subset of 11 
the community present in forested landscapes or large patches. Probabilities in the SFD model 12 
were generated from information on the frequency distribution of the observed bird community, 13 
which presented a typical inverted J pattern (Appendix B: Fig. B1), thus the SFD model was 14 
analogous to the random placement model (Coleman 1981). Each simulated species was assigned 15 
a species-specific sampling probability, which was taken from a vector of probabilities calculated 16 
as the number of sites in which bird species were observed (χ) divided by the number of sampled 17 
sites (N = 65). This vector of probabilities was fixed for all sites within the matrix and translated 18 
into a model of commonness and rarity, in which the most abundant species had a high probability 19 
of occurring in all sites, but rare species would likely only be observed in sites with high species 20 
richness.  21 
The SPEC model was the most complex, and designed to simulate communities in which 22 
species have unimodal distributions reflecting habitat specialization along a gradient from pristine 23 
to disturbed sites; i.e., sites were first ordered by landscape cover and, within each landscape, sites 24 
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were ordered by patch size (Appendix B: Fig. B2). To simulate such situation, instead of a vector 1 
of species-specific probabilities which were fixed for all sites, we created a matrix of 9100 site- 2 
and species-specific probabilities of occurrences to represent the probability of sampling each of 3 
the 140 species in each of the 65 sites. Species-specific probabilities of occurrence were again 4 
defined by the species frequency distribution from the observed bird dataset (i.e. a species that was 5 
captured in χ out of the N sites was assigned a sampling probability of χ /N), but to simulate the 6 
unimodal normal distribution along a gradient, sampling probabilities across the gradient from 7 
pristine to disturbed sites were modeled to have a peak and a tail to each side (Appendix B: Fig. 8 
B2). The peak of the distribution took the χ /N probability value, which was then assigned to χ 9 
consecutive sites (e.g, a species with a probability of occurrence of 20/65 would have this 10 
probability assigned to 20 consecutive sites). Then, we added a proportional reduction in the 11 
probability of occurrence to each side of the peak distribution, with the shape of this decrease 12 
determined by a Gaussian curve spread over the N - χ sites. This resulted in a matrix of 13 
probabilities where all species had some chance of occurring in all sites, but in many cases this 14 
chance was near to zero. The standard deviation used for creating the values of the Gaussian curve 15 
was 0.2, and we conducted a sensitivity analysis to examine any potential confounding effect this 16 
choice may have had on our results (Appendix B: Fig. B3). Then we classified species into 13 17 
categories of frequency distribution (e.g. 0 to 5, 5 to 10, etc) and, within each category, placed the 18 
centers of their distribution uniformly along the 65 sites. This procedure allowed us to obtain a 19 
matrix of probabilities in which all sites had roughly the same species frequency distribution, but 20 
the identity of the rare species changed along the gradient (Appendix B: Fig. B2). SPEC 21 
communities were then created using values from this probability matrix. 22 
Statistical analyses 23 
Effects of habitat loss on bird community: Using our empirical data, we assessed how species 24 
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richness and bird community composition (represented by PCoA axis 1) were affected by habitat 1 
loss at multiple scales, by using a nested linear model consisting of landscape cover as a 2 
categorical predictor and patch size as a continuous predictor nested within landscapes. We 3 
controlled for differences in sampling effort by using the number of mist-net hours as an offset in 4 
the model. To estimate the SAR for the bird community at the patch scale, we obtained the z-5 
values directly from the nested linear model; while the z-value at the landscape scale was 6 
calculated as the mean rarefied species richness per site (average obtained from 100 sample-based 7 
rarefactions) against proportion of forest cover at the landscape scale (also controlling for changes 8 
in sampling effort). All variables were log-transformed, apart from ordination scores. 9 
SAR versus species turnover: We then compared the patterns of community composition 10 
obtained from the simulated matrices to the empirical data to assess the ability of models ruled by 11 
different magnitudes of the SAR or by species turnover in predicting the structure of the bird 12 
community. For each of the RAND, SFD and SPEC models, we generated 414 simulated matrices 13 
using different combinations of the four z-values used to generate each matrix (41 z-values from 0 14 
to 1 in increments of 0.025). To further set apart the relative roles of SAR and species turnover on 15 
community composition, we also ran the SPEC model 1000 times using all four z-values set to 0, 16 
in which case there was no reductions in species richness from habitat loss. For each simulated 17 
matrix, we reduced the number of dimensions to one using a PCoA (as described for the empirical 18 
dataset) and used Pearson correlation to assess the relationship between the PCoA axis of the 19 
simulated community and of the observed community. A high, positive correlation would indicate 20 
that a particular simulation has generated patterns of species composition that closely reflect those 21 
we observed in the field, suggesting it may adequately represent the processes by which habitat 22 
loss impacts the bird community in the Atlantic Forest. We selected the 1% of simulated matrices 23 
with the highest, as well as the 1% with the lowest, correlation coefficients and determined the 24 
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mean and standard deviation of all z-values associated with these simulated communities.  1 
Species richness and extinction rates: We used the site by species matrices built under 2 
different models and with different z-values, as well as the empirical dataset, to determine the 3 
extent to which species richness reflects local extinction. To measure the number of species that 4 
persisted after local extinction, we selected the species that occurred in any of the 12 control sites, 5 
hereafter “forest species”, and calculated the number of forest species that were present in the 6 
remaining sites. We cannot be certain which species were formerly present in the Atlantic Forest 7 
fragments, and for this reason, the number of forest species might not be a direct measure of local 8 
extinction in fragments. However, for the purpose of comparison of the observed bird dataset 9 
against the simulated communities, we address the number of forest species missing from 10 
fragments as species extinction. For both simulated and observed datasets we used Pearson 11 
correlation to estimate the correlation between the number of forest species and total species 12 
richness in each of the 65 sites. The per-site difference between the number of forest species and 13 
total number of species was also recorded to assess if species richness is an accurate estimate of 14 
local extinction.  15 
To understand if the ability of species richness to represent local extinction varies with the 16 
magnitude of the SAR, we ran the models within five bands of z-values, representing a very low 17 
effect of area, in which all four z-values only varied from 0 to 0.06 (with increments of 0.005), a 18 
low effect with z-values (0.065 to 0.12, increment = 0.005), a medium effect (0.125 to 0.25, 19 
increment = 0.01), a high effect (0.255 to 0.51, increment = 0.02), and a very high effect (0.52 to 20 
1.0, increment = 0.04). Increments were adjusted so that each band had 28,561 combinations of z-21 
values. 22 
All analyses and simulations were performed using R v.2.12.2 (R Development Core Team 23 
2010) and R codes used for simulating communities are available in Supplements. Ordinations 24 
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were performed using the package vegan (Oksanen et al. 2011). 1 
 2 
RESULTS 3 
How is the bird community from the Atlantic Forest affected by habitat area at multiple scales?  4 
The values of z observed for the SAR at the landscape scale in the Atlantic Forest was zlandscape = 5 
0.11, while at the patch scale the observed values were z10 = 0.11, z30 = 0.07 and z50= 0.04 for the 6 
10, 30 and 50% FC landscapes respectively (Fig 1a). None of the z-values at the patch scale were 7 
significant different than zero at p ≤ 0.05, and the average species richness per site was similar in 8 
all fragmented landscapes, while control sites were significantly more speciose (t = 3.43, p = 9 
0.001). Patterns of community composition did not mirror the SAR, as the slope of the relationship 10 
between community composition and patch size was significantly different than zero in the 10% 11 
FC landscape (t = 2.86, p = 0.006) and 30% FC landscape (t = 2.23, p = 0.029), with the resulting 12 
trend that large patches had a community more reminiscent of control sites than small patches 13 
(Fig. 1b). Patch size did not significantly influence community composition at the 50% FC 14 
landscape (t = 1.553, p = 0.126). The intercept of this relationship was also significantly altered in 15 
the different landscapes (in all cases p < 0.01); thus, altogether the community in large patches 16 
embedded in a landscape with low forest cover was similar to the community in small patches 17 
embedded in more forested landscapes (Fig 1b).  The weak SAR result observed at the patch and 18 
landscape scale is as much a product of a weak effect size as of large intra-class variation; while 19 
the opposite pattern was observed for community composition (Fig. 1). 20 
What is the ability of models ruled by SAR and species turnover in predicting the structure of the 21 
bird community? 22 
The average correlation between community composition of the observed and simulated 23 
datasets was lower for RAND communities (r = 0.59, SD = 0.21) and SFD communities (r = 0.63, 24 
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SD = 0.17) than for SPEC communities (r = 0.81, SD = 0.05). However, under certain 1 
combination of z-values, all three models reproduced the community patterns observed in the 2 
Atlantic Forest. A high correlation between RAND and SFD communities and the bird community 3 
was heavily dependent on the values of z, with the 1% weakest correlation values being on average 4 
r = 0.02 (SD = 0.01) (Fig. 2). In RAND and SFD communities, the z-values needed to create a 5 
pattern similar to that observed in the bird community were unrealistically high for zlandscape and z10  6 
(mean (SD) for RAND: zlandscape = 0.81 (0.14), z10 = 0.65 (0.16), z30 = 0.33 (0.13), z50= 0.21 (0.09); 7 
SFD: zlandscape = 0.65 (0.19), z10 = 0.44 (0.25), z30 = 0.21 (0.11), z50= 0.15 (0.07); results from 1% 8 
highest correlation values). By contrast, the z-values used in the SPEC model to generate the 9 
patterns most similar to that observed in the bird community were lower and more realistic, (mean 10 
(SD) for SPEC: zlandscape = 0.18 (0.18), z10 = 0.27 (0.23), z30 = 0.16 (0.15), z50= 0.30 (0.24)). Most 11 
importantly, the fit between SPEC communities and the observed bird community ordination 12 
scores was always high regardless of the z-values used. The lowest 1% of correlation scores were 13 
remarkably high (mean Pearson r = 0.55, SD = 0.15; Fig. 2), and the correlation between the 14 
observed bird community and SPEC communities created with all z-values set to 0 was on average 15 
r = 0.80 (SD = 0.27). 16 
The similarity between the SPEC model and the observed data can be also seen by visually 17 
comparing the presence-absence matrices, which both show a marked turnover in species 18 
composition from control to fragmented sites but similar species richness throughout (Fig. 3). 19 
Figure 3 also shows that the RAND and SFD communities that are most highly correlated with the 20 
observed bird community have extremely low species richness in small patches of the 10% FC 21 
landscape, a product of the high values of zlandscape and z10 . Such dramatic differences in species 22 
richness between controls and the 10% FC landscape produced a dissimilarity in community 23 
composition that was only comparable to that created by species turnover. 24 
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Is species richness an appropriate community metric to detect the effects of habitat loss?  1 
In the observed dataset, species richness was significantly but not strongly correlated with 2 
the number of forest species (Pearson r = 0.73), however species richness consistently 3 
underestimated the number of local species loss by an average of 9.3 species per patch (Fig 4a). 4 
In RAND and SFD communities, species richness per patch was almost perfectly 5 
correlated with the number of forest species per patch, regardless of the z-values used (mean 6 
Pearson r  > 0.99; Table 1); a result caused by the fact that such communities only lose species 7 
with habitat loss and do not gain species from the matrix, hence species richness is a direct 8 
measure of the number of forest species. By contrast, SPEC communities showed weaker 9 
correlations between species richness and the number of forest species, particularly when z -values 10 
were low (e.g. when z <= 0.06, mean Pearson r = 0.73; Table 1). Furthermore, in SPEC 11 
communities, species richness consistently underestimated the local extinction of forest species. 12 
Species richness measured from communities simulated with very low z-values underestimated 13 
local extinction by an average of 9.5 species across all sites. However, the underestimation of local 14 
extinction becomes stronger in more deforested landscapes due to species turnover present in 15 
SPEC communities. For instance, at the 10% FC landscapes, where simulated community 16 
composition showed highest dissimilarity to controls, the underestimation of local extinction was 17 
up to 14.3 species in average. Such underestimation can comprise up to 60% of the simulated 18 
community present at the 10% FC landscape (i.e. simulated species richness with zlandscape and z10 19 
set to 0.06 was on average 24.5 species). Nonetheless, the magnitude of this underestimation 20 
decreased with increasing z-values and approached 0 with z > 0.51 (Fig. 4b).  21 
 22 
DISCUSSION 23 
Our results show that in the presence of species turnover, species richness greatly underestimates 24 
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the structural changes that communities experience in fragmented landscapes, to the extent that 1 
under low effects of the SAR, species richness was weakly correlated to species extinction and 2 
largely underestimated the number of locally extinct species. For this reason, SAR analyses failed 3 
to characterize the full impact that habitat loss has on bird communities of the Atlantic Forest, 4 
despite the dramatic changes observed on community structure. The level of variation in 5 
community composition observed in the Atlantic Forest was only matched by models with either 6 
unrealistic magnitudes of the area effect or by models ruled by a turnover in composition, similarly 7 
to what would be observed along natural gradients. 8 
In a seminal paper, Andrén (1994) showed that the effects of patch size are stronger in 9 
more deforested landscapes. Andrén (1994) suggested that in landscapes with a higher proportion 10 
of habitat cover, small patches are inevitably close to large patches and should therefore not suffer 11 
severe species loss; whereas landscapes with less than 20 to 30 % habitat cover will have many 12 
small isolated patches, in which case patch size becomes a key factor determining species 13 
extinction. Recently, Pardini et al. (2010) showed that Andrén’s (1994) hypothesis correctly 14 
predicted the SAR for small mammals in the same 50% FC landscape in which we worked. 15 
Pardini et al. (2010) also found a stronger SAR for the 30% FC landscape, but no significant SAR 16 
in the 10 % FC landscape, which they attributed to the landscape being too hostile to sustain most 17 
species of small mammals. Our results on species richness suggested that the bird community was 18 
not affected by either patch area or landscape cover, and that the proportion of forest cover at the 19 
landscape scale does not influence the slope of the SAR at the patch scale. However, analyses of 20 
community composition showed a very different trend. Not only bird community composition was 21 
affected by area at the patch and landscape scale, but also the effects of patch size reduced with 22 
landscape cover.  23 
Community composition is a metric that represents both changes in species richness and 24 
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species identity, and is often advantageous as it detects community changes that are either too 1 
subtle or too complex to be revealed by species richness. However, unlike species richness, its 2 
results are not interpretable in absolute terms, but only as values relative to other values. Also, 3 
unlike z-values of SAR, quantitative estimates of the effects of area on community composition 4 
are not comparable across studies, thereby hindering the value of analyses of community 5 
composition for understanding how communities are structured, or its applicability for 6 
conservation. Nonetheless, by simulating communities we were able to create a theoretical 7 
baseline that was directly comparable to the bird community, allowing us to disentangle the 8 
relative roles of species loss due to SAR or to species turnover. Our results showed that that the 9 
variation in bird community composition was much larger than expected if communities were to 10 
simply lose species with habitat loss. In fact, the dissimilarity in bird community composition 11 
observed along the gradient of habitat loss was so large that the RAND and SFD models only 12 
approximated the observed community when z-values were unrealistically high  (e.g. > 0.4, when 13 
typical values found in fragmentation studies are between 0.2 and 0.25, Rosenzweig & Ziv 1999, 14 
Drakare et al. 2006)).  15 
The reason why the dissimilarity in community composition was so large is because 16 
communities from small patches in heavily deforested landscapes were not a nested subset of the 17 
communities from larger patches or control sites. Our SPEC model successfully replicated this 18 
pattern, and importantly, the strong correlation between the observed bird community composition 19 
and composition of SPEC communities was independent of the z-values used for modeling. Thus, 20 
our empirical results showed that patches of ~100 ha in a landscape with 10% cover have a 21 
metacommunity that is similar to that found in patches of ~1 ha embedded in landscapes with 30% 22 
cover, and this pattern repeats itself between 100-ha patches in a 30% FC landscape and 1-ha 23 
patches in a 50% FC landscape (Fig. 1b). While we were surprised to have observed this trend, 24 
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modeling results showed that such pattern can arise under many circumstances, but it is more 1 
likely caused by species turnover rather than by species loss as a function of SAR (Fig.2,3) .  2 
Because the bird community was so strongly structured by species turnover, the spatial 3 
patterns in the bird community from the Atlantic Forest were not well described by species 4 
richness and the SAR (Fig 1a, 4a). Species richness has been historically the metric of choice of 5 
many researchers studying the effects of habitat loss and fragmentation (Debinski & Holt 2000), as 6 
it is a variable that is so simple to collect, intuitive to interpret and easy to compare across studies. 7 
It is also at the center of one of the few consistent patterns in ecology and for this reason became 8 
strongly underpinned by theory (MacArthur & Wilson 1967). However, species richness can only 9 
be interpreted as an informative metric if communities do not exhibit species turnover (Table 1, 10 
Fig. 4).  11 
A large number of studies conducted in fragmented landscapes have shown that disturbed 12 
areas contain species-poor communities that are a nested subset of more pristine communities 13 
(Fleishman et al. 2002, Driscoll 2008). While we do not dispute that many communities must be 14 
indeed nested, the way the community is packed for nestedness analyses affects the extent to 15 
which a community is found to be nested (Louzada et al. 2010), and many popular metrics may 16 
detect nestedness even in non-nested communities (Almeida-Neto et al. 2008). Thus, it is possible 17 
that many studies may have incorrectly suggested that communities under habitat loss are nested 18 
subsets of their pristine counterparts. If communities are not nested because there is an influx of 19 
disturbance-specialist species into habitat patches (Banks-Leite et al. 2010, Fayle et al. 2010), then 20 
species richness is unlikely to be an informative community metric for representing the impacts of 21 
habitat loss and fragmentation on ecological communities. For instance, our results showed that 22 
species richness estimated from highly deforested landscapes can underestimate species extinction 23 
by up to 60% of the whole community. Consequently, SAR analyses will underestimate the 24 
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magnitude of the changes that communities undergo following habitat loss.  1 
The fact that we observed a turnover in species composition that is more usually examined 2 
along natural gradients, such as a mountain slope, suggests that habitat loss acts individually on 3 
each species, and that there are species-specific extinction thresholds distributed across the 4 
fragmentation gradient (Lande 1987, Fahrig 2002). Thus, while some species need 90% forest 5 
cover to persist, others can dwell in less forested areas. However, this is only one part of the 6 
community. Our results also show that while some species need 90% of matrix cover to exist, 7 
others can survive in less. Interestingly, most of the species that we found to benefit from habitat 8 
loss and fragmentation are species that actually need forested habitats to breed and forage most of 9 
the time (Stotz et al. 1996), and are not considered “open area” or “matrix” species. Thus, it is 10 
possible that the species that are benefited by habitat loss are occupying the open niche space 11 
created by the species that went extinct. Such information on how communities are structured 12 
would likely only be obtained by better understanding the drivers of species-specific extinction 13 
thresholds, such as species’ minimum area requirements, habitat sensitivities and species 14 
interactions (Bascompte & Sole 1996, Vance et al. 2003, Harris & Pimm 2004). 15 
 Our results show that overall bird species richness is not as severely reduced by the 16 
deforestation of the Atlantic Forest as would be expected. However, careful interpretation is 17 
needed given that species richness is not a good proxy for species extinction or an appropriate 18 
community metric to assess the effects of habitat loss. It appears that habitat loss in the Atlantic 19 
Forest is causing a strong turnover in bird species composition rather than a total loss of species, 20 
which precludes the applicability of SAR analyses to estimate the number of species that will go 21 
extinct in the future. The profound changes that this rich and highly endemic bird community is 22 
experiencing are likely to have consequences to ecosystem functioning (Mouillot et al. 2011). 23 
However, the extent to which these changes to the bird community will eventually affect the long 24 
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term sustainability and functionality of forest fragments is yet to be understood. 1 
 2 
ACKNOWLEDGEMENTS 3 
We thank A. Manica, T. Fayle, T. Coulson, J. Veech and two anonymous reviewers for helpful 4 
comments on this manuscript and/or modeling. Research support was provided by CNPq, CAPES, 5 
the Natural Environment Research Council (Grant Number NE/H016228/1), and Marie Curie IIF 6 
under the European Community 7th Framework Programme. 7 
  8 
Literature Cited 9 
Almeida-Neto, M., P. Guimaraes, P. R. Guimaraes, R. D. Loyola, and W. Ulrich. 2008. A 10 
consistent metric for nestedness analysis in ecological systems: reconciling concept and 11 
measurement. Oikos 117:1227-1239. 12 
Andrén, H. 1994. Effects of habitat fragmentation on birds and mammals in landscapes with 13 
different proportions of suitable habitat: a review. Oikos 71:355-366. 14 
Banks-Leite, C., R. M. Ewers, V. Kapos, A. C. Martensen, and J. P. Metzger. 2011. Comparing 15 
species and measures of landscape structure as indicators of conservation importance. 16 
Journal of Applied Ecology 48:706-714. 17 
Banks-Leite, C., R. M. Ewers, and J. P. Metzger. 2010. Edge effects as the principal cause of area 18 
effects on birds in fragmented secondary forest. Oikos 119:918-926. 19 
Banks-Leite,C., R.M.Ewers, R.G.Pimentel, and J.P.Metzger. 2012. Decisions on temporal 20 
sampling protocol influences the detection of ecological patterns. Biotropica 44:378-385. 21 
Barnosky, A. D., N. Matzke, S. Tomiya, G. O. U. Wogan, B. Swartz, T. B. Quental, C. Marshall, 22 
J. L. McGuire, E. L. Lindsey, K. C. Maguire, B. Mersey, and E. A. Ferrer. 2011. Has the 23 
CRISTINA BANKS-LEITE ET AL. 
20 
Earth's sixth mass extinction already arrived? Nature 471:51-57. 1 
Bascompte, J., and R. V. Sole. 1996. Habitat fragmentation and extinction thresholds in spatially 2 
explicit models. Journal of Animal Ecology 65:465-473. 3 
Coleman, B. 1981. On random placement and species-area relations. Mathematical Biosciences 4 
54:191-215. 5 
Cushman, S., and K. McGarigal. 2004. Hierarchical analysis of forest bird species–environment 6 
relationships in the Oregon coast range. Ecological Applications 14:1090-1105. 7 
Debinski, D. M., and R. D. Holt. 2000. A survey and overview of habitat fragmentation 8 
experiments. Conservation Biology 14:342-355. 9 
Drakare, S., J. J. Lennon, and H. Hillebrand. 2006. The imprint of the geographical, evolutionary 10 
and ecological context on species-area relationships. Ecology Letters 9:215-227. 11 
Driscoll, A. 2008. The frequency of metapopulations, metacommunities and nestedness in a 12 
fragmented landscape. Oikos 117:297-309. 13 
Ewers, R. M., S. Thorpe, and R. K. Didham. 2007. Synergistic interactions between edge and area 14 
effects in a heavily fragmented landscape. Ecology 88:96-106. 15 
Fahrig, L. 2002. Effect of habitat fragmentation on the extinction threshold: a synthesis. 16 
Ecological Applications 12:346-353. 17 
Fayle T.M., Turner E.C., Snaddon J.L., Chey V.K., Chung A.Y.C., Eggleton P. and W.A. Foster.  18 
2010. Oil palm expansion into rain forest greatly reduces ant biodiversity in canopy, 19 
epiphytes and leaf-litter. Basic and Applied Ecology 11:337-345.  20 
Feeley, K. J., T. W. Gillespie, D. J. Lebbin, and H. S. Walter. 2007. Species characteristics 21 
associated with extinction vulnerability and nestedness rankings of birds in tropical forest 22 
fragments. Animal Conservation 10:493-501. 23 
Fleishman, E., C. Betrus, R. Blair, R. Mac Nally, and D. Murphy. 2002. Nestedness analysis and 24 
CRISTINA BANKS-LEITE ET AL. 
21 
conservation planning: the importance of place, environment, and life history across 1 
taxonomic groups. Oecologia 133:78-89. 2 
Gotelli, N. J., and R. K. Colwell. 2001. Quantifying biodiversity: procedures and pitfalls in the 3 
measurement and comparison of species richness. Ecology Letters 4:379-391. 4 
Harris, G. M., and S. L. Pimm. 2004. Bird species' tolerance of secondary forest habitats and its 5 
effects on extinction. Conservation Biology 18:1607-1616. 6 
He, F., and S. P. Hubbell. 2011. Species-area relationships always overestimate extinction rates 7 
from habitat loss. Nature 473:368-371. 8 
Hubbell S. P. 2001. The unified neutral theory of biodiversity and biogeography. Princeton 9 
University Press, Princeton, USA. 10 
Lande, R. 1987. Extinction thresholds in demographic models of territorial populations. The 11 
American Naturalist 130:624. 12 
Laurance, W. F., H. E. M. Nascimento, S. G. Laurance, A. Andrade, J. E. L. S. Ribeiro, J. P. 13 
Giraldo, T. E. Lovejoy, R. Condit, J. Chave, K. E. Harms, and S. D'Angelo. 2006. Rapid 14 
decay of tree-community composition in Amazonian forest fragments. Proceedings of the 15 
National Academy of Sciences 103:19010-19014. 16 
Legendre P., and L. Legendre. 1998. Numerical Ecology: Second English Edition. Elsevier 17 
Science B.V., Amsterdam, The Netherlands. 18 
Louzada, J., T. Gardner, C. Peres, and J. Barlow. 2010. A multi-taxa assessment of nestedness 19 
patterns across a multiple-use Amazonian forest landscape. Biological Conservation 20 
143:1102-1109. 21 
MacArthur R. H., and E. O. Wilson. 1967. The theory of island biogeography. Princeton 22 
University Press, Princeton, USA. 23 
Millennium Ecosystem Assessment. 2005. Ecosystems and human well-being: biodiversity 24 
CRISTINA BANKS-LEITE ET AL. 
22 
synthesis. World Resources Institute, Washington, USA. 1 
Mouillot, D., S. Villéger, M. Scherer-Lorenzen, and N. W. H. Mason. 2011. Functional structure 2 
of biological communities predicts ecosystem multifunctionality. PLoS ONE 6:e17476. 3 
Oksanen J., Blanchet F.G., Kindt R., Legendre P., O'Hara R.B., Simpson G.L., Solymos P., 4 
Stevens M.H.H. & Wagner H. 2011. vegan: Community Ecology Package.   R package 5 
version 1.17-6. URL http://CRAN.R-project.org/package=vegan.  6 
Pardini, R., A. d. A. Bueno, T. A. Gardner, P. I. Prado, and J. P. Metzger. 2010. Beyond the 7 
fragmentation threshold hypothesis: regime shifts in biodiversity across fragmented 8 
landscapes. PLoS ONE 5:e13666. 9 
R Development Core Team. 2010. R: A language and environment for statistical computing.    R 10 
Foundation for Statistical Computing, Vienna, Austria. ISBN  3-900051-07-0, URL 11 
http://www.R-project.org/.  12 
Rosenzweig, M. L. 1999. Heeding the warning in biodiversity's basic law. Science 284:276-277. 13 
Rosenzweig, M. L., and Y. Ziv. 1999. The echo pattern of species diversity: pattern and processes. 14 
Ecography 22:614-628. 15 
Stotz D., J. W. Fitzpatrick, T. A. Parker III, and D. K. Moskovits. 1996. Neotropical birds: 16 
ecology and conservation. University of Chicago Press, Chicago, USA. 17 
Su, J. C., D. M. Debinski, M. E. Jakubauskas, and K. Kindscher. 2004. Beyond species richness: 18 
Community similarity as a measure of cross-taxon congruence for coarse-filter 19 
conservation. Conservation Biology 18:167-173. 20 
Suarez, A. V., D. T. Bolger, and T. J. Case. 1998. Effects of fragmentation and invasion on native 21 
ant communities in coastal southern California. Ecology 79:2041-2056. 22 
Vance, M. D., L. Fahrig, and C. H. Flather. 2003. Effect of reproductive rate on minimum habitat 23 
requirements of forest-breeding birds. Ecology 84:2643-2653.   24 
CRISTINA BANKS-LEITE ET AL. 
23 
 1 
Appendix A: Additional information on study area, site selection and bird sampling. 2 
Appendix B: A numerical example of the use of the species-area relationship equation for creating 3 
communities, and information on creating values of Gaussian curve for sensitivity analysis. 4 
Supplement: The R source code containing the algorithms used for modeling communities and a 5 
comma delimited file containing the bird dataset collected in the Atlantic Forest.  6 
  7 
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Table 1 – Correlations values between number of forest species and species richness for each 1 
simulated community. Values represent the mean and standard deviation (in brackets) of 2 
28,561 correlation values obtained for each model and band of SAR values. 3 
 4 
 SAR values (z-values ) RAND model SFD model SPEC model 
z <= 0.06 1.0 (0.00) 0.99 (0.02) 0.73 (0.19) 
0.06 < z <= 0.125 1.0 (0.00) 1.0 (0.00) 0.92 (0.03) 
0.125 < z <= 0.25 1.0 (0.00) 1.0 (0.00) 0.96 (0.01) 
0.25 < z <= 0.50 1.0 (0.00) 1.0 (0.00) 0.99 (0.00) 
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Figure legends 1 
Figure 1 – The effect of deforestation and forest fragmentation on Atlantic Forest bird community 2 
species richness (Panel a) and community composition (Panel b).  Community composition was 3 
measured as the scores of the first axis of a Principal Coordinates Analyses, calculated on a 4 
Sørensen dissimilarity index. Small patches (2 – 9 ha) are represented by the letter “S”, medium-5 
sized patches (12 – 40 ha) by “M”, large patches (45 – 150 ha) by “L”, and control sites by “C”. 6 
Thick lines represent the median, boxes represent the interquartile range, whiskers indicate the 7 
maximum and minimum points within 1.5 times the interquartile range, and open circles represent 8 
outliers. 9 
 10 
Figure 2 – The ability of RAND, SFD and SPEC models to simulate the observed patterns of bird 11 
community change in the Atlantic Forest.  For each model, we show the mean correlation value 12 
between the 1% of simulated communities with the strongest (black) and weakest (grey) 13 
correlations with observed patterns.  Each correlation is displayed as a set of four graphs, showing 14 
the mean slope of the SAR (z-value) for the simulated matrices contributing to that correlation, 15 
thus, the y-axis represents number of species and x-axis represents area. From left to right, the four 16 
insets represent the z-values for the landscape scale (Zlands) and patch scale for the 10, 30, and 50 17 
FC landscapes (i.e. Z10, Z30, Z50), respectively. The sets of four graphs are placed on the y-axis 18 
according to their mean correlation with the observed bird community. 19 
 20 
Figure 3 – Variation in species occurrence (y-axis) across the 65 sites (x-axis) modeled under the 21 
RAND, SFD and SPEC models, and observed in the Atlantic Forest. White and black cells 22 
represent the absence and presence of a species, respectively. Sites were ordered first by landscape 23 
cover, and within each landscape, sites were ordered by patch size (e.g. the largest patch in the 24 
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10% FC landscape was immediately followed by the smallest patch in the 30% FC landscape). 1 
Species are ordered according to their preference for a point along the gradient (calculated from 2 
the weight on the ordination scores). Simulated communities were created with the mean value of 3 
z associated with the 1% most highly correlated communities (Fig. 2, see text for values of z). 4 
 5 
Figure 4 – The ability of species richness to act as an estimate of local extinction. (Panel a) The 6 
observed correlation between species richness and the number of local extinctions from each site 7 
sampled in the Atlantic Forest. The fitted line shows the 1:1 ratio if local extinction was perfectly 8 
represented by species richness. Values beneath the line suggest the model underestimates the 9 
number of extinctions (average difference between points and fitted line is 9.5). (Panel b) 10 
Difference between the number of forest species and species richness in communities simulated 11 
using the SPEC model, with simulations grouped according to bands of z-values. Negative values 12 
represent underestimates of local extinction. Thick lines represent the median, boxes represent the 13 
interquartile range, whiskers indicate the maximum and minimum points within 1.5 times the 14 
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